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Abstract
Tremendous agricultural potential in Colombia has gone untapped for decades 
due to: i) civil strife and the criminal drug trade; ii) uncertain property rights; iii) 
inadequate infrastructure; iv) lack of innovation and technological development; v) 
lack of funding, vi) lack of investment; and vii) misallocation of resources within 
the sector. Proof of this is the relatively lower growth of the value of Colombia’s 
agriculture versus other countries in the region during the agricultural prices 
booms (FAO, 2015). This paper analyzes whether Colombia’s weak agricultural 
performance was due to low productivity growth rather than input accumulation. 
Using econometric specifications, this paper finds that Colombia’s agricultural 
productivity grew on average between 0.8% and 1.3% annually from 1975 and 
2013. This growth was mainly driven by livestock and poultry productivity, which 
grew between 1.6% and 2.2%, while crop productivity grew between 0% and 0.8%. 
Likewise, this paper finds biased technical and scale effects whenever the models are 
able to test their presence. In addition, it finds evidence that Colombia’s agricultural 
productivity growth was affected by changing economic circumstances. These 
results are significant for post-conflict rural investment because they provide 
information about the returns on future government investment options in the 
rural sector of Colombia.
Resumen
Colombia dejó de explotar su gran potencial agrícola por décadas debido a: i) el 
intenso conflicto armado y el narcotráfico; ii) la gran incertidumbre alrededor de 
los derechos de propiedad de la tierra; iii) la falta de infraestructura; iv) la falta de 
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innovación y desarrollo tecnológico en el sector; v) la falta de financiamiento; vi) la baja inversión; y 
vii) la mala distribución de los recursos productivos. Muestra de ello es el bajo crecimiento del valor de 
su producción agropecuaria frente a otros países de la región durante los recientes auges de precios 
agrícolas (FAO, 2015). Este artículo analiza si el pobre desempeño de la agricultura colombiana se 
debe al bajo crecimiento de su productividad o al bajo ritmo de acumulación de sus inventarios. Así, 
usando métodos econométricos, se encuentra que la productividad agropecuaria de Colombia creció 
en promedio entre un 0.8% y un 1.3% anual durante 1975 y 2013. Mas específicamente, se encuentra 
que este crecimiento fue impulsado, principalmente, por la productividad ganadera y avícola que creció 
entre un 1.6% y un 2.2% en este período, pues la productividad agrícola tan sólo creció entre un 0% y 
un 0.8%. Igualmente, se encuentra evidencia de crecimiento tecnológico sesgado y efectos a la escala 
de producción, en todos los casos en los que los modelos econométricos permitieron evaluar esto. 
Además, se encuentra evidencia de que el crecimiento de la productividad agropecuaria de Colombia 
fue afectado por las cambiantes condiciones económicas en el país. Todos estos resultados, sin duda, 
son clave para la inversión rural en esta nueva etapa del posconflicto, al proveer información sobre 
los posible retornos que obtendría Colombia de dicha inversión pública en el sector rural.
1. Introduction
Tremendous agricultural potential in Colombia has gone untapped for decades due to a myriad of 
factors, including: i) civil strife and the criminal drug trade; ii) uncertainty regarding property rights; 
iii) inadequate infrastructure; iv) lack of innovation and technological development; v) lack of access 
to funding, vi) lack of investment; and vii) misallocation of resources within the sector (COMPITE, 
2008; Clavijo, Vera & Fandiño, 2013; Junguito, Perfetti, & Becerra, 2014; and Reina, Zuluaga, Bermúdez 
& Oviedo, 2011). Government policies have allocated economic and development efforts to urban 
and industrial areas (e.g. financial, mining and utilities) rather than rural agricultural areas, where 
insurgent forces have often taken refuge (Junguito et al., 2014).1 It was generally the case that when 
agricultural policies were implemented, they were done so with short-term goals in mind (SAC, 2014). 
With recent advances toward peace between the Colombian government and insurgents as well as 
less incidences of drug trafficking in the country, Colombia is poised for renewed public and private 
investment in agriculture and rural communities.2 This agreement may well improve the environment 
of agricultural investment, and the return of combatants and others to rural activities means not only 
a greater labor supply, but also that agriculture must play a key role in future national development. 
The results presented in this paper have the potential to inform better policies toward rural and 
agricultural development in Colombia in the post-conflict era.  
The value of Colombia’s agricultural production grew by only 10% during the agricultural commodity 
price booms of 2006-2011, relative to its average growth from 2000-2005. In contrast, the value of 
global agricultural production expanded by 25%, and much greater growth occurred in other Latin 
American countries: 26.1% in Chile, 28.6% in Argentina, 43.6% in Brazil and 45.6% in Peru (FAO, 2015). 
We analyze the relatively weak performance of Colombia’s agriculture and evaluates whether it was 
due to a low productivity growth rather than a lack of input accumulation. Our general hypothesis 
1 Colombia has been suffering from the following Dutch Disease symptoms: i) a real misalignment of the exchange rate, which oscillated 
around 15-20% in recent years; ii) an overall economy largely supported by non-tradeable sectors (60% of Colombia’s overall GDP); iii) 
a premature de-industrialization process (i.e. industry GDP reduced its importance in Colombia’s overall GDP from 23% in the 1970s to 
14% in the 2000s); iv) pronounced export concentration of commodities (close to 70% of total exports); and v) high NAIRU rate of close 
to 10% (Clavijo et al., 2013).
2 The national government of Colombia recently signed a peace agreement with one of its largest armed groups, Las Fuerzas Armadas 
Revolucionarias de Colombia (FARC), after more than 50 years of intense conflict.
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is that deep structural problems, suggested by low productivity growth rates, prevented Colombia’s 
agriculture from exhibiting the higher growth of the commodity prices booms.
Previous investigations suggest that over recent decades Colombia’s agriculture has exhibited 
stagnant growth of between 1.5% and 2% per year (World Bank, 2016), mainly due to the structural 
problems mentioned above. Likewise, Colombia’s agriculture has been subject to many distortions 
due to agricultural policy design and administration which limited the country’s competitiveness 
(Anderson and Valdés, 2008). Moreover, public expenditure on Colombia’s agriculture has represented 
just 0.2-0.4% of overall GDP since the late 1990s, while this figure has reached 1% in other emerging 
markets and 4% in developed countries (Junguito et al., 2014). These deep structural problems leading 
to slower agricultural sector growth have varied over time due to political and economic circumstances 
leading to variations in both productivity growth and input accumulation.
In contrast, prices received by Colombian farmers increased by 30% in 2008 and 57% in 2011 
relative to average prices from 2000-2005 according to the Producer Price Index (PPI) calculated 
by the Departamento Administrativo Nacional de Estadística (DANE, 2015). Accordingly, Colombia’s 
farmers surely experienced the effects of high global commodity prices seen in 2008 and 2011. Then, 
farmers were exposed to incentives to increase both their productivity and input use. However, 
the aforementioned structural problems seem to have prevented Colombia from reaching a higher 
standard of agricultural performance.
Colombia’s agricultural productivity has rarely been analyzed in the economics literature, and the 
techniques used to measure its agricultural productivity have been inconsistent (Atkinson, 1970; Avila 
et al., 2010; Ludena, 2010; Pfeiffer, 2003; USDA, 2015). Most of these studies have relied on accounting 
methods, employing untested assumptions rather than econometric estimation, and substituting 
data from neighboring countries for missing Colombian data. Likewise, these studies did not reach 
a consensus and are essentially incomparable because they address different time periods, employ 
different data sources, and/or employ contradictory underlying assumptions.
One contribution of this paper is that it econometrically measures Colombia’s agricultural 
productivity growth, both aggregated and disaggregated for crop and livestock production during 
the period 1975-2013.3 We employ three commonly used econometric specifications to analyze the 
robustness of results to alternative specifications and their associated underlying assumptions about 
technology, etc. One of these is a Translog Cost function model that allows for the investigation of bias 
in technical change and scale effects, as well as providing confidence intervals for the productivity 
estimates (Antle and Capalbo 1988).  The other two specifications are the Cobb-Douglass and the CES 
production technologies. A second contribution is that this paper assembles a current and complete 
Colombia dataset that does not feature data substitution from neighboring countries. Thus, this 
study assesses how Colombia’s agricultural productivity growth has changed over time relative to 
varying policy regimes and economic circumstances. To this aim, we conduct a historical analysis 
of Colombia’s agriculture from 1975-2013 that models six key structurally different time periods, 
during which economic conditions and policy regimes strongly influenced agricultural productivity 
growth (see Table 1).
3 Productivity growth is defined as the increase in output attributable to technical change (Domar, 1961; Jorgenson and Griliches, 1967; 
Solow, 1957).
PP 8 | 94
Ecos de Economía: A Latin American Journal of Applied Economics | Vol. 22 | No. 47 | 2018
Measurement and analysis of agricultural. Productivity in Colombia
This paper proceeds as follows. Section 2 describes the overall context for Colombia’s agriculture 
from 1975-2013. Section 3 presents a review of the relevant literature on Colombia and the most 
common methodologies used to measure agricultural productivity. Section 4 explains the methodology 
used in this study. Section 5 describes the data used. Section 6 analyzes the various agricultural 
productivity growth estimates for Colombia obtained by the current study. Section 7 provides our 
concluding remarks.
2. Colombia’s agriculture from 1975-2013
Agriculture is one of the most important economic activities of Colombia. About 40% of Colombia’s 
land is used for agricultural purposes. Agricultural GDP has averaged 6-8% of Colombia’s total 
GDP and agricultural exports account for 18% of total national exports in recent decades (DANE, 
2015). Moreover, agriculture employs 20% of the national labor force and 66% of the rural labor 
force (COMPITE, 2008; SAC, 2011; DANE, 2015). Colombia increased the value of its production by 
50% in the last two decades, ensured its self-sufficiency in agricultural products, and consolidated a 
diverse portfolio of products (e.g., beef, milk, chicken, sugar cane, coffee and flowers) for domestic 
consumption and exportation (FAO, 2015).
However, Colombia’s agriculture has been seriously affected by a significant lack of investment 
in recent decades (Junguito et al., 2014).  Likewise, the transformation of Colombia’s economy into 
an oil-dependent economy after the discovery of Caño Limon in 1983 and Cusiana-Cupiagua in 1991 
(two great oil deposits) damaged the competitiveness of tradable sectors, among them agriculture. 
Moreover, Colombia’s agriculture has tackled all the aforementioned structural problems, which 
undoubtedly has limited performance. Consequently, Colombia’s agricultural GDP has exhibited a 
significant slowdown, from an annual average growth of 4.5% in the 1970s, 2.7% in the 1980s, 1.5% 
in the 1990s, and 1.9% in the 2000s (World Bank, 2016).
Looking forward, agriculture in Colombia is a sector with promising prospects in the coming 
decades. Along with Brazil, the Congo, Angola, Sudan, and Bolivia, Colombia is one of the few countries 
with the opportunity to expand its agricultural frontier (FAO, 2013). The Orinoco region, similar to 
the Cerrado in Brazil, would allow Colombia to expand its farmland by 80% (between 3-5 million 
hectares) if Colombia improves its infrastructure and prioritizes the development of new agricultural 
technologies in the region (Clavijo & Jimenez, 2011c). Accordingly, Colombia has the potential to 
become a global exporter of agricultural products, given that: i) the United Nations predicts the world 
population will grow by 30% to 9,100 million people (2% per year) by 2050 (UN, 2015); ii) the Food and 
Agriculture Organization (FAO) estimates that global food production must increase by 70% (5% per 
year) to feed the growing population (FAO, 2009); iii) Colombia’s agricultural GDP per capita will grow 
on average by 2-4% in the coming decades; and iv) Colombia’s agricultural GDP is projected to grow 
4-5% annually and its population is projected to grow by only 1-1.5% annually, according to official 
predictions (DANE, 2015; MADR, 2014).
3. Measurement of Agricultural Productivity
3.1 Theoretical Framework
Agricultural productivity has been widely measured worldwide, beginning with the pioneering work 
of Solow (1957) and Griliches (1963 a-b, 1964). Productivity has been recognized as an essential 
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source of growth that encompasses the output gains attributable to technical change (Pfeiffer, 2003). 
Development economists have also stated that agricultural productivity is particularly critical to 
developing countries’ improved economic growth and social conditions (Johnson and Mellor, 1961). In 
addition, studies have also shown that agricultural productivity is a key factor explaining the dynamics 
of worldwide trade, by determining changes in the comparative advantages among countries (Ball et 
al., 2010). Accordingly, agricultural productivity has been the focus of a significant number of studies 
(Ball, 1985; Fernandez-Cornejo and Shumway, 1997; Avila et al., 2010; Evenson & Fuglie, 2010; Fuglie 
& Rada, 2013 to name a few).
Three different methodology types are often used to measure agricultural productivity. The 
first is growth accounting. This technique measures agricultural productivity by following a simple 
accounting exercise (Solow, 1957): aggregate output growth is estimated as the growth of the value 
of all outputs; aggregate input growth is measured as a cost share weighted average of the growth in 
inputs used in production of the various outputs; and productivity growth is identified as the residual 
difference between these two measures.4 
The simple exercise makes the growth accounting technique very attractive. However, the 
technique relies on very strong assumptions: i) competitive markets for both outputs and inputs; 
ii) constant returns to scale; iii) technical change is Hicks neutral; iv) input-output separability; and 
v) a Cobb-Douglas production function (Antle and Capalbo, 1988; Diewert, 1992).5 6 7 Many studies 
have used these techniques and the USDA relies on this methodology for measuring International 
Agricultural Total Factor Productivity (TFP) Growth (Evenson and Fuglie, 2010; Fuglie, 2010; Fuglie 
and Rada, 2013; Rada, 2013).
Superlative index methods have been used to relax these assumptions. The most commonly used 
are the Tornqvist- Theil Index (Ball, 1985; Evenson et al., 1999; Fan and Zhang, 2002; Garcia et al., 2012; 
Thirtle et al., 2008) and the Fisher Index (Cahill and Rich, 2012; Zhao et al., 2012). These procedures 
measure the agricultural productivity without estimating a functional structure for the production 
function for long periods of time. However, these methods are data demanding, and their economic 
interpretation is not always intuitive (Saikia, 2009). In addition, productivity estimates largely depend 
on the index number formula (Diewert and Nakamura, 2002). 
Another methodology is the frontier technique (Farrell, 1957). These techniques rely on the 
fact that economic activities may not always be located in their best practice frontiers (i.e. on the 
Production Possibility Frontier, or PPF) (Coelli, Rao and Battesse, 1998).8 Accordingly, agricultural 
productivity corresponds to the estimation and posterior product of two components: technical 
4 The main difference in measuring agricultural productivity using a growth accounting technique versus an econometric technique is 
that growth accounting techniques calculate cost shares using observed accounting data and use those shares as production function 
parameters, while econometrics techniques estimate the production function parameters (or their dual counterparts) using statistical 
methods.
5 Hicks (1963) defines neutral and biased technological change by whether their effects increase, remain unchanged, or diminish the ratio 
of the marginal products among inputs; that is, whether or not the technical change preserves the expansion path.
6 A production function is input-output separable on inputs i and j, when it can be written as F(X) = g(XA,Xn); where XA = f(Xi,Xj) (Antle and 
Capalbo, 1988).
7 These assumptions can be somewhat relaxed during computation, but to do so requires knowledge of information like scale elasticities, 
which is rarely available.
8 The best practice frontier is defined as the maximum output a firm can produce given a set of inputs and the state of technology at 
the time (Sena, 2003).
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change, which captures shifts in the production possibility frontier, and efficiency change, which 
considers movements exhibited by a firm or economic activity within its production possibility set 
toward a position closer to that frontier (Sena, 2013). Hence, agricultural productivity measurement 
largely depends on a robust estimation of the production possibility frontier and the corresponding 
estimation of these two components using the frontier as an efficiency benchmark.
Two frontier types are primarily utilized for the measurement of agricultural productivity: i) 
parametric methods, such as Data Envelopment Analysis (DEA) and Stochastic Frontier Analysis 
(SFA) (Coelli, Rao and Battesse, 1998), and ii) non-parametric methods, such as the Malmquist Index 
(Caves et al., 1982). These techniques are very attractive when data is a constraint, because they do 
not require any price data (Coelli and Rao, 2005; Sena 2003). However, they are susceptible to data 
quality issues and unusual shadow prices (Coelli and Rao, 2005; Thirtle et al., 2003; Tong et al. 2012).
Econometric techniques are another common approach used to measure agricultural productivity 
(Berndt and Christensen, 1973). These techniques assume that productivity can be directly measured 
when assuming a functional approximation of the true production relationship (so-called primal 
techniques) or indirectly measured from its Dual Cost function (so-called dual techniques), which 
requires the functional approximation of the cost or profit function. The main advantages are that 
econometric models allow: i) relaxing certain assumptions required by accounting approaches, such 
as Hicks neutral technical change or constant returns to scale; ii) estimating rather than assuming 
certain parameters related to technical changes, such as the elasticity of factor substitution; and 
iii) estimating confidence intervals around the estimates and testing hypotheses on the estimated 
parameters. However, these primal econometric models require a production function with input-
output separability, as do growth accounting approaches. Primal econometric models also require a 
large enough data set to ensure sufficient degrees of freedom, address multi-collinearity problems 
and estimate a large number of parameters with good precision. Nevertheless, these techniques 
estimate productivity growth with fewer constraining assumptions than required by other approaches. 
Econometric models have been successfully used by several studies devoted to analyzing agricultural 
productivity. For example: Cungu and Swinnen, 2003; Fan, 1991; Sun et al., 2009.
3.2 Agricultural Productivity in Colombia
Colombia’s agricultural productivity has been the focus of just a few studies at the national level 
(Atkinson, 1970; Avila et al., 2010; Ludena, 2010; Pfeiffer, 2003; USDA, 2015). It has usually been 
analyzed in the context of multi-national studies (Bravo-Ortega and Lederman, 2004; Coelli and Rao, 
2005; Fuglie, 2015; Fulginiti and Perrin, 1998; Trueblood and Coggins, 2003). Relatively little is known 
about its dynamics over the last several decades.
Atkinson (1970) is the pioneering scholar of Colombia’s agricultural productivity. Using partial 
productivity indices for the period of 1950-1967, he found that Colombia’s agricultural productivity was 
uneven across crops and largely dependent on farms’ ability to mechanize their production practices. 
Also, large farms usually exhibited higher agricultural productivity than small farms, because large 
farms could afford to pay for better seeds, pesticides and fertilizers. 
In more recent studies, growth accounting techniques have been the most common methodology 
used to measure Colombia’s agricultural productivity. For instance, the USDA (2015) used the technique 
for 173 countries from 1961-2012. The study estimated that Colombia’s agricultural productivity 
grew 1.4% on average per year during this period. Avila et al. (2010) used a Tornqvist-Theil Index to 
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examine Colombia’s agricultural productivity between 1961 and 2001 and estimated that it grew an 
annual average of 0.7%. However, these studies reached different conclusions and none used budget 
data from Colombian farmers.9 
Ludena (2010) used a frontier approach and found that Colombia’s agricultural productivity grew 
an average of 2.4% during the 1980s, 2.5% during the 1990s, and 0.2% from 2000-2007. Likewise, 
Pfeiffer (2003) estimated that Colombia’s agricultural productivity grew on average between 0.6-1.9% 
during the period 1972-2000.10 
Clearly, these studies obtained varying results from various techniques that provided non-robust 
estimates for Colombia’s agricultural productivity. As the time frames changed, so did productivity and 
agricultural performance estimates. These studies indicate that Colombia’s agricultural productivity 
grew slowly and unevenly over the last several decades. We suspect that this is probably because 
most studies implicitly assume that changes in economic conditions and policy regimes did not 
impact Colombia’s agricultural productivity. This paper considers this to be a crucial assumption that 
accounts for these differences. Therefore, we incorporate important changes in the political economy 
over time into our analyses of Colombia’s agricultural productivity.
4. Methodology to Measure Agricultural Productivity in Colombia
In order to measure Colombia’s agricultural productivity, Colombia’s agricultural output is assumed 
to mainly depend on four inputs (capital, labor, fertilizer and animal feed), following the USDA (2015) 
and given the data availability for the period analyzed in this study (1975-2013). Three functional 
approximations are estimated for the production technology in an effort to examine the robustness of 
the results: Cobb-Douglas production function, CES production function and Translog Cost function.
4.1 Cobb-Douglas Production Function
The choice of functional form is a primary issue in the econometric estimation of productivity growth 
and technical change. The Cobb-Douglas functional form is one of the simplest choices available and 
has been widely used in applied economics research. The Cobb-Douglas is supported by the same 
theoretical underpinnings as the growth accounting technique. Rather than use observed farmers’ 
budget data to estimate all parameters, this approach estimates them econometrically by controlling 
for other factors and substitution possibilities implied by the data. Assuming that agricultural 
productivity grows on average at a constant rate g, so At = A0e
gt, the Cobb-Douglas representation of 
aggregate production is:
(1)
where Qt is total agricultural output in period t, A0 is agricultural productivity in the initial period, 
e is the exponential function, Kt is the stock of capital in agriculture in period t, Lt is labor hired by 
agriculture in period t, Ft is fertilizer used by agriculture in period t, St is animal feed employed by 
agriculture in period t and ut is the error in measuring output in period t.
9 For example, the USDA (2015) measured Colombia’s agricultural productivity by applying Brazil’s input cost shares (i.e. assuming these 
are representative) since those shares for Colombia were unavailable.
10 Pfeiffer (2003) used a fixed effect parametric production function, a stochastic frontier production function and the Malmquist index. 
Qt = At Kt Lt Ft St ut = A0 e
 gt Kt Lt Ft St ut ,         for  t = 1975 to 2013
a aγß Ө γß Ө
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Colombia’s agricultural productivity growth over time is measured as the sum of the average 
growth g and the residuals of the econometric estimation ut , (which have a mean of zero).
11 Crop 
and livestock productivity growth are also separately estimated in this paper following a similar 
approach. One of the advantages of a specification such as the Cobb-Douglas function is that it can 
be estimated using Ordinary Least Squares (OLS) after transforming to the linear version of equation 
(1) with variables expressed in natural logarithms. Serial autocorrelation across the time dimensional 
residuals was tested using the Durbin-Watson statistic. When this problem was detected, one-period 
lagged output was added to the regression as a concomitant variable to incorporate inertia into the 
aggregate cropping patterns, which likely led to the serially-correlated error. 
The Cobb-Douglas parameters α, ß, γ and θ can only be interpreted as input cost shares when the 
following conditions are satisfied: i) perfect competition; ii) firms maximize their profits; iii) perfect 
information; and iv) constant returns to scale in period t. Constant returns to scale requires the 
restriction that α + ß + γ + θ = 1 and that all parameters are non-negative. Otherwise, these parameters 
represent only the marginal effect of each input on agricultural output. In addition, the Cobb-Douglas 
function is only capable of representing Hicks-neutral technical change. 
The rigid structure and underlying assumptions of the Cobb-Douglas specification may not be 
supported by the Colombian data. Two alternative econometric approaches were also examined, 
each of which relaxes some of the assumptions discussed above to varying degrees. The Constant 
Elasticity of Substitution (CES) production function allows the estimation of a constant elasticity of 
substitution different from one. The CES also allows for the measurement of biased technical change. 
Dual approaches that specify a cost function allow for further relaxation of the Cobb-Douglas and 
growth-accounting assumptions. Dual approaches with higher order polynomial forms are the key 
aspect of this increased flexibility. In this regard, it is not the dual that is important, but the order 
of the functional form must be polynomial. However, the dual approach facilitates the use of these 
functional forms because in many of the more interesting cases, such as the translog functional 
form, it is not self-dual. This implies that it is not possible to solve the profit maximization problem 
analytically to obtain a closed form system for the direct estimation of the production function (Antle 
and Capalbo 1988). The dual approach allows the recovery of potentially unknown but well-behaved 
production technology information by estimating the input demand and output supply functions 
derived from the Dual Cost function (Christensen and Greene, 1976). Also, this approach enables the 
measurement of both biased technical change and the potential impact of aggregate scale effects 
on productivity growth.
4.2 CES Production Function
The CES production functional form was initially designed to analyze the production of economic 
activity using only two inputs (Arrow et al., 1961). Sato (1967) generalized this production function 
for n inputs, explaining that it can be estimated assuming two-input nests. In recent decades, debate 
has focused on how to determine this nested pair of inputs. 
This paper followed the approach developed by Klump et al. (2007) and Leon-Ledesma et al. (2011) 
to measure Colombia’s agricultural productivity assuming a CES production function. We rely on the 
following normalized structure of a nested CES production function with four inputs and technical 
change. The primary inputs (i.e. capital and labor) are allocated to the first nest and the intermediate 
inputs (i.e. fertilizer and animal feed) to the second nest. Also, to circumvent problems related to the 
11 Complete derivations for all methods employed in this paper are available upon request.
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Diamond McFadden Impossibility Theorem (Diamond et al., 1978), the efficiency growth exhibited 
by each input Eit is restricted to a constant rate γi (Klump et al., 2011).
 
(2)
where the elasticity of substitution between capital and labor (i.e. first nest inputs) is η, between 
fertilizer and feed (i.e. second nest inputs) is ψ, and between nests is σ. Also, α is the distribution 
parameter between nests, β within the first nest, π within the second, and ut is the error in measuring 
this CES production function.
The measurement of Colombia’s agricultural productivity involves a typical profit maximization 
problem to determine the input demands. Each equation derived from this optimization is normalized 
and linearized. The profit optimization was solved by assuming that Colombia’s agriculture faces 
a demand function Yit = ( PitPt )
-ε
, its income is Qt = (1+µ)(RtKt +WtLt +fPtFt +sPtSt) and it exhibits a rent 
factor 1 + µ = 
ε
1-ε , where real returns to capital are denoted by Rt, wage paid for labor by Wt, fertilizer 
price by fPt, and animal feed price by sPt .
12 This system of equations was estimated using Iterative 
Feasible Generalized Non-Linear Least Squares (IFGNLS), as recommended by Kreuser et al. (2015). 
This technique prevents the estimation of inconsistent parameters and an elasticity of substitution 
biased towards unity, as is often exhibited when this system of equations is estimated as a Seemingly 
Unrelated Regression model (SUR) (Luoma and Luoto, 2011). 
This model estimated the parameters for technical change γi and input elasticities of substitution 
(σ,η, and ψ) simultaneously and under two scenarios: i) Hicks-Neutral technical change (γk = γl = γf 
= γs) and ii) biased technical change (γk ≠ γl ≠ γf ≠ γs). Colombia’s agricultural productivity growth 
was also measured over time as the actual output growth in period t unexplained by the input growth 
in period t.
For the measurement of crop and livestock productivity, a similar nested CES production function 
was used. Crop production was modeled to depend on capital, labor and fertilizer, and livestock 
production was modeled to depend on capital, labor and animal feed. Accordingly, a nested CES 
production function with only one nest and an extra input was defined for each case. Also, two possible 
forms for their respective, nested CES production functions were examined: i) when primary inputs 
are in the nest or ii) when capital-related inputs are in the nest.13
4.3 TransLog Cost Model
This approach is simpler than using primal methods when price data is available and (as discussed 
earlier) functional forms of the production function lack a closed form solution to the profit maximization 
or cost minimization problems. Dual functions, such as a cost or profit function, are valid alternatives 
to represent the multi-product function and to define the technical change (Antle and Capalbo, 1988). 
12 This methodology allows the model to capture possible rents in Colombia’s agricultural due market power and scale economies (e.g., 
as is the case in the coffee sector).
13 The measurement of crop and livestock productivity involved a slightly different profit maximization problem. There were only three 
derived first order condition equations, one for each input. Also, the first order condition equation for the input out of the nest exhibits 
a somewhat different functional form.
























+  (1 - a) (1 - π) (eγ  (t-t0)       ) +ut, for t = 1975 to 2013
K L
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The effects of technical change can be quantified through a reduction in cost or an increase in profits, 
given an output level and a set of input prices.
The following translog functional form was specified for the aggregate cost function for Colombia’s 
agriculture: 
(3)
where Ct are the production costs of Colombia’s agriculture in period t, wit is the price of input i 
in period t, Qt is output in time t, T is a time trend variable that captures technological change and ut 
is the error in measuring the logarithm of the total cost. 
This functional form is a second-order approximation of an arbitrary, twice-continuously 
differentiable cost function. It exhibits three main strengths: i) flexibility of functional form; ii) does 
not restrict input substitution possibilities, and iii) scale economies can vary based on output levels 
(Kant and Nautiyal, 1997; Varian, 1978). The form has been used successfully by other studies in 
which the production generating dynamic structure was unknown (Binswanger, 1974b; Christensen 
and Greene, 1976; Clark and Youngblood, 1992; Kant and Nautiyal, 1997; Sun et al., 2009).
Estimation involves each input i cost share equation, which can be derived by applying Shepard’s 
Lemma to equation (3).14 Christensen and Greene (1976) explained these equations add additional 
degrees of freedom to the estimation and do not constrain the coefficients, because it constitutes a 
multivariate system of equations of i+1 equations where across-equation parameter restrictions create 
more rapid growth in system degrees of freedom than in parameters as equations that are added to 
the system. The derived cost share equations take the following form, where Sit is the cost share in 
period t for input i and εit is the error in measurement of cost share i in period t:
(4)
The measurement of Colombia’s agricultural productivity proceeds by estimating this system 
of equations as a seemingly unrelated regressions (SUR) because a common approximation error is 
passed to each cost share equation though their residuals (Christensen and Greene, 1976) and the 
specification of a second order polynomial when the true cost function may be of even higher order. 
The estimation of the system involves n-1 of the cost share equations due to the adding up restriction 
of cost shares and associated singularity of the system error variance-covariance matrix.15 Estimated 
parameters are invariant to which equation is omitted so long as the estimation involves maximum 
likelihood and the parameters of the omitted equation can be retrieved via the homogeneity and 
adding up restrictions imposed on the model for regularity purposes. Iterative Feasible Generalized 
14 Shepard’s Lemma establishes that input demand xi can be derived as 
∂c
∂wi 
= xi. Thereby, the cost share functions are derived for 
the assumed trans-log cost function by differentiating the cost function of natural logarithms by the natural logarithm of input prices 
(i.e. ∂ ln c
∂ ln wi
 = ∂c/c∂ wi/wi
 = ∂c∂wi 
wi
c  = xi 
wi
c  = Si  
).
15 Prices and quantities were normalized to 1 in 1995, the mid-point year of the sample, following Capalbo (1988).
 Sit = 
∂ lnCt = ai + ßii lnwit +∑ij ßij lnwjt + ßiQlnQt + ßitT + εit   ∂lnwit
ln Ct = a0 + aQ ln Qt + ∑i ai lnwit + 
1 ∑i ßii (lnwit)
2 + ∑i ∑j ßij lnwit lnwjt
+∑i ßiQ lnwitlnQt + 1 aQQ (lnQt )
2 + atT + 
1 attT
2 + ∑i ßit lnwitT + ßQt lnQtT + ut,
for t = 1975 to 2013    and    i, j = {capital, labor, fetilizer and animal feed} 
2
2 2
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Non-Linear Least Squares (IFGNLS) was used to estimate this system of equations because this 
estimator is equivalent to a Maximum Likelihood estimator (Greene, 2012).
The following restrictions were imposed to ensure that the corresponding production function is 
well behaved (Capalbo, 1988; Kant and Nautiyal, 1997): i) coefficients are the same in the cost function 
and cost share equations; ii) certain coefficients are symmetric among equations; iii) ∑i ai = 1; ∑i ßiQ = 
0; and iv) ∑i ßij = ∑j ßji = ∑i ∑j ßij = ∑i ßit = 0 to ensure that this cost function is homogeneous of degree 1 
in input prices. Also, curvature restrictions were imposed at the point of the approximation of this 
cost function (Diewert and Wales, 1987; Ryan and Wales, 2000) and price elasticities for all inputs 
were computed from estimated parameters using the following expression:
(5)
where this expression is equivalent to calculating these elasticities using the Allen partial elasticities of 
substitution (AES) (Binswanger, 1974a). The dual rate of technical change -Ḃt = -  
∂lnCt
 = -(at + attT + ∑i ßit lnwit+ßQtlnQt) ∂T was computed as follows:
(6)
where the basic assumption is that costs decrease due to technology improvements. at is the 
constant rate of technical change, attT captures variations in the rate of technical change over time, 
∑i ßit lnwit is the input bias and ßQtlnQt is the scale bias. Therefore, pure technical change is equal to 
-(at + attT), which corresponds to the rate of reduction in overall costs due to a technical innovation, 
holding constant the scale effect. Also, scale augmenting technical change is measured by -ßQtlnQt, 
which is the rate of reduction in costs due to a technical innovation exhibited along with changes in 
output. Similarly, biased technical change (IBTC) was computed using the following expression when 
the production function behind a translog cost function is non-homothetic (Antle and Capalbo, 1988):
(7)














 ∂T  
denotes the scale effect of technical change. These results can be used to test the presence of biased 
technical change, which can be described in terms of input-saving or using, which indicates the rate 







 ∂T = ЄWX  Sit - 1 + 
ßii 
Sit  and is a relative concept. That is, input saving 
means that the ratio of the input relative to others is declining rather than the absolute quantity of 
use of the input declining, although it is possible for both to occur simultaneously. 
Finally, agricultural productivity growth (TḞP) in this model is measured using equation (8): 
(8)








 ∂T= aQ + ∑i ßiQlnwit + aQQlnQt + ßQtT (Capalbo, 1988). This approach was also used to individually 
estimate crop and livestock productivity.
4.4 Structural Change Periods
Historical evidence suggests that Colombia’s agriculture faced substantial and distinct structural 









TFPt = -Ḃt + (1 - ЄCQ,t) Qt  
ЄWX = Sit - 1 + 
ßii 
Sit 
-Ḃt = -  
∂lnCt
 = -(at + attT + ∑i ßit lnwit+ßQtlnQt) ∂T
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regimes were analyzed in an effort to determine whether or not Colombia’s agricultural productivity 
and technical change were affected. These periods were identified by conducting a historical analysis 
of Colombia’s agriculture from 1975-2013. Each period was defined based on: i) macroeconomic issues; 
ii) political changes; iii) economic policy changes (e.g. trade policy); and iv) socioeconomic issues, 
such as violence.16 These impacts on agricultural productivity were estimated by including six period 
specific time trend variables in the Cobb-Douglas regressions. Also, a comparison of the predicted 
output with and without technical progress was made for the CES and Translog Cost functions. 




1990-1997 Agricultural profitability crisis
1998-2002 Armed conflict intensification
2003-2009 Agricultural commodities price boom
2010-2013 Agricultural profitability crisis
5. Data
The underlying data used in this study primarily come from FAOSTAT, the World Bank and the USDA 
(FAO, 2015; USDA, 2015; World Bank, 2016). In order to expand the data available for Colombia, recent 
data from the National Department of Statistics of Colombia (DANE), the Central Bank of Colombia 
(BANREP) and the International Fertilizer Industry Association (IFA) were used (BANREP, 2015; DANE, 
2015; IFA, 2016). A historical database for Colombia’s’ agriculture from 1975-2013 was built based on 
these data sources. This database includes the value of Colombia’s agricultural output (aggregated 
and disaggregated by crops and livestock) and quantities as well as the prices of inputs (labor, capital, 
fertilizer and animal feed). An estimation of some of these data series was necessary to focus the 
analysis on these four inputs, given the problems of data availability for all available sources and the 
time period analyzed in this paper. The construction of each variable is explained in detail below.
5.1 Output
The value of agricultural production corresponds to the total gross production value released annually 
by FAOSTAT (FAO, 2015).18 In the case of Colombia, this figure encompasses the value of production 
for 85 crops and livestock commodities.19 These data were used as they were released annually (per 
calendar year) and in 2005 international dollars. FAOSTAT releases these data in this currency unit 
16 Because our observation interval is annual, it is straightforward to identify the breakpoints using economic, policy, and social indicators. 
In addition, with relatively few observations it would be impossible to effectively identify so many regime changes econometrically. Doing 
so would rely on Chow Tests that have low power tests when the structural changes are not near the center of the data period.  More 
sophisticated econometric techniques (e.g., Smooth Transition AutoRegressive (STAR) models) would be even more difficult to identify 
econometrically given our data. Accordingly, our approach yields a set of results that appear to be quite robust regardless of alternative 
econometric specification. Likewise, we believe that the results from the time periods as we have identified them provide compelling 
and useful information for the agricultural sector and policy makers in Colombia.    
17 Complete table including detailed historical events per period is available in Appendix -A.
18 The FAO dataset was used for output, because there is no comparable data available from a Colombia institution for the entire period 
analyzed in this study. 
19 FAO data do not include the gross production value of coca (to make cocaine), which distorts Colombia’s economy and may have 
provided another problem for Colombia’s agricultural productivity. Farmers may have substituted regular crops with illicit ones. Note that 
coca production may have used inputs attributed here as agricultural, while its production value is not included in agricultural performance. 
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in order to facilitate comparisons across countries. The aim is to avoid the need to use exchange rates 
by assigning a single global price to each commodity.
For crops, the data correspond to the crop category as reported by FAOSTAT. This includes data 
for 74 crops produced in Colombia, sold in the market, and consumed by consumers. These figures 
were multiplied by producer prices and converted to 2005 international dollars (FAO, 2015). For 
livestock, the data source is FAOSTAT as well and corresponds to its livestock category, including 




The capital stock data corresponds to Colombia’s gross capital stock used in agriculture and released 
annually by FAOSTAT (FAO, 2015). This is calculated as the sum of valued individual physical assets 
held by Colombian farmers (FAO, 2015). This dataset includes separate data for land development 
(i.e. arable land, crop land, and irrigated land), plantation crop land, livestock (i.e. fixed assets and 
inventory), machinery and livestock structures.
Crop capital stock compiles the value of gross capital in plantation crops and land development 
(FAO, 2015).20 Livestock capital stock encompasses the value of livestock fixed assets, livestock 
inventory and livestock structures. FAO also releases figures for capital stock in machinery and 
equipment (FAO, 2015). However, these figures include assets that can be owned by either activity, 
such as tractors. Accordingly, this stock was divided for crops and livestock using their respective 
overall shares in the total value of agricultural production.
Capital stock data in FAOSTAT is only available from 1961-2007. Consequently, this data series was 
updated for more recent years based on the gross investment flows to Colombia’s agriculture from 
DANE (2015).21 The data was used as it is released annually (per calendar year) and in 2005 dollars.
The cost (input price) of capital was also estimated by relying on the definition of cost benefit 
analysis. This considers the cost of capital as the opportunity cost of investing in a particular asset 
(Campbell and Brown, 2003). Therefore, its measurement corresponds to the sum of the real interest 
rate plus the depreciation rate of agricultural assets. The real interest rate is calculated as the difference 
between the nominal interest rate and current inflation rate. This nominal interest rate corresponds 
to a traditional passive interest rate in Colombia, also known as DTF (i.e. the Fixed Term Deposit Rate 
in Colombia) because there is not an official interest rate for agricultural credit in Colombia and loans 
for agriculture are often indexed to this interest rate. In addition, agricultural credits are often subject 
to a subsidy according to the type of farmer (i.e. small, medium or large), which (for this paper and 
other research) corresponds to a deduction of 5 percentage points from this interest rate (Illera, 2009; 
20 Plantation crops are trees yielding consistent products, such as fruits or nuts (FAO, 2015).
21 For this update, two approaches were explored. One involved the calculation of the annual investment flow from FAO data, as the 
difference between capital stock in period t+1 and capital stock in period t, followed by a regression on the DANE investment series. 
However, this estimation yielded a very weak fit. Consequently, an alternative approach was utilized, which consisted of taking the DANE 
investment series in the same monetary units as the FAO’s and calculating its annual growth. Then, to predict the FAO’s investment 
flows for missing years, we used the rates of growth from the DANE investment. Finally, to estimate the missing capital figures, we used 
the formula Kt+1 = Kt + It+1, where Kt corresponds to the capital stock from FAO and It+1 to the investment flows.  
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Jaramillo and Jiménez, 2008).22 Finally, the depreciation rate for agriculture was taken from Pombo 
(1999), who calculated the average depreciation rates exhibited by capital for all economic activity in 
Colombia. The current inflation rate was taken from the World Bank (2016).
5.2.2 Labor and Wages
The farm labor data used in this paper corresponds to the total number of people who were economically 
active in Colombia’s agriculture, as released by the USDA from 1961-2012 (USDA, 2015). An update 
was conducted for the last decade (2001-2013) using available data from national sources (DANE, 
2015). Annual data were used as they were released (per calendar year).
Crops and livestock data were estimated based on Barrientos and Castrillón (2007), whose study 
analyzes the employment generation path of Colombia’s agriculture and shows disaggregated labor 
data for Colombia from 1993-2005. These data were used as a starting point to estimate the missing 
labor data for the sample period. It was necessary to estimate labor data for crops and livestock from 
1975-1992 and 2006-2013. For this purpose, the average trend of the labor data over time within the 
sample was used in each case, for which crops exhibited an R2 of 0.98 and livestock an R2 of 0.72.23 
These estimates were then adjusted using the aggregate labor data collected from the USDA (USDA, 
2015). This involved the estimation of weights for crop and livestock labor in the total predicted data, 
followed by the multiplication of these weights by the USDA’s aggregate agricultural labor data. The 
process ensured that these predicted labor data for crops and livestock were consistent with the 
USDA data.
Farm labor wages were implicitly derived from annual national accounts (DANE, 2015). That data 
revealed the total payroll of each Colombian sector to generate sectoral GDP. Thus, the value paid to 
labor by agriculture was taken in current pesos, and an estimated average wage paid per employee 
was calculated by dividing this figure by total farm labor. The amount was then converted into 
2005 dollars by: i) dividing this value by the annual average Colombian exchange rate of peso to US 
American dollars (BANREP, 2015); and ii) dividing the result by the GDP deflator for US prices with 
the base year of 2005 (FAO, 2015).24
5.2.3 Fertilizer
Fertilizer quantities correspond to the total amount of major nutrients (N+P2O5+K2O) demanded and 
applied by farmers in Colombia, released yearly by the IFA (2016). These data include all compound 
products derived from nitrogen (N), phosphate (P) and potash (K), such as Urea, Ammonium Sulphate, 
Ammonium Nitrate, Ammonium Phosphate and Potassium Sulphate, among others. Annual data 
were used as released per calendar year and in metric tons.
Fertilizer prices in Colombia were estimated based on FAOSTAT, DANE and BANREP data (BANREP, 
2015; FAO, 2015; DANE, 2015). There is no available historical database that compiles these prices for 
22 This corresponds to a weighted average of percentage points commonly deducted for small farmers credits (-8pp) and medium and 
large farmers’ credits (-4pp), taking into account that credits for small farmers historically represent 25% of agricultural credits, while 
credits for medium and large farmers account for the remaining 75%. Colombian banks have usually deducted these percentage points 
from farm credits by farmer type (Illera, 2009; Jaramillo and Jiménez, 2008).
23 The high R2 ensures that these estimates of labor for crops and livestock are good predictions of the actual data, given the lack of 
available data for Colombia over the entire period covered in this study. 
24 This procedure implies imposing exactly the same volatility of aggregated agricultural labor on crops and livestock labor. However, 
this is a minor cost compared to the gains of estimating labor data for crops and livestock in Colombia via series that are coherent with 
the actual data, given the current lack of disaggregated data for Colombia.
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Colombia for the entire period covered by this study (1975-2013). The available data is only for more 
recent years (AGRONET, 2014). An estimation of earlier fertilizer prices was completed using the 
urea price paid in Colombia by farmers as a leader-indicator or benchmark price.25 This price was 
reported annually (per calendar year) by FAOSTAT in current Colombian pesos per metric ton for the 
period 1961-2002. However, the data exhibits some missing values for the 1990s, which this paper 
approximated using the annual change in the Producer Price Index (PPI), released by BANREP since 
the early 1990s and by DANE in recent years (BANREP, 2015; DANE, 2015). 
5.2.4 Animal Feed
Animal feed quantities used in this paper come from FAOSTAT (FAO, 2015) and correspond to the 
total crop and animal products used for feeding animals following the USDA (2015). FAOSTAT reports 
these quantities in its Commodities Balance Sheet. These annual data were used as they were released 
per calendar year and in metric tons.
The animal feed price was derived from FAOSTAT (FAO, 2015). Basically, this price was implicitly 
estimated as a weighted average. The producer prices of crop and animal products used for feeding 
animals reported by FAOSTAT were taken, and the value of each feed was calculated using their 
quantities. Then, the total annual value was calculated for these products. Finally, this total value was 
divided by the total product quantity to calculate an average price per metric ton of animal feed for 
each year. Because this figure was in current Colombian pesos, it was then converted to 2005 dollars.
25 Urea represents about one third of all fertilizer used by Colombian farmers (IFA, 2016).
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6. Results
Using the three techniques discussed in Section 4, we obtained the necessary parameters to measure 
Colombia’s agricultural productivity growth from 1975-2013. Table 2 presents the results using a 
Cobb-Douglas production function. Table 3 presents the results of the CES function.26 27 Tables 4 
and 5 present results from the Translog Cost function approach and the own price elasticities for 
all inputs to evaluate the estimated cost function.28 29 Overall, the Cobb-Douglas results clearly show 
statistically significant evidence that Colombia’s technical change exhibited different trends during 
each period defined a priori (see Table 2). This varied between 0.5-0.9% per year across periods. These 
structural changes were not incorporated when estimating the CES production function and Translog 
Cost approach due to insufficient degrees of freedom. Thus, the results represent an average over 
the different regimes. However, a comparison of the agricultural productivity growth trajectories 
predicted by these approaches using a Cobb-Douglas production indicates that all follow almost the 
same pattern (see Figure 1). Moreover, the CES results show the presence of biased technical change 
in Colombia’s agriculture, and the Translog Cost approach results highlight an important contribution 
of scale effects into Colombian agricultural productivity.30
In the next section, all estimates found using each technique are analyzed with emphasis on 
three modes of inquiry: i) What was Colombia’s agricultural productivity growth—aggregated and 
also disaggregated for crops and livestock—during this entire period? ii) Did Colombia’s agricultural 
productivity vary during sub-periods when particular economic conditions or policy regime changes 
were identified?; and iii) Did Colombia’s agriculture exhibit biased technical change during the period 
1975-2013?
26 For crops and livestock, these results report when capital-related inputs are included in the unique nest and labor outside of this nest. 
This specification exhibited the best fit in both cases.
27 All CES models present serial autocorrelation across the residuals. We tried to fix this problem by including each dependent variable 
lagged one period as another regressor in their respective equations, as in the Cobb-Douglas case, but this procedure was ineffective. 
Then, we attempted to solve this problem by estimating a specification for which technical change might have varied over time. This had 
been effective to sweep out serial autocorrelation in the Cobb-Douglas case. However, this procedure was also ineffective. Then, we 
employed the Cochrane-Orcutt procedure, which fixed the problem for livestock, but severely impacted the model’s estimation results 
for the aggregate and crop results. STATA software failed to estimate all elasticities of substitution, probably due to collinearity across 
variables. Therefore, we report the model without fixing this serial autocorrelation, since the technical change coefficient, which is the 
most important result from this model, is robust, changing only marginally when the serial autocorrelation is corrected.
28 The Translog Cost models initially predicted positive own price elasticities for certain inputs. This was corrected by imposing curvature 
restrictions at the point of approximation of this cost function (Diewert & Wales, 1987; Ryan & Wales, 2000).
29 At the request of the editor, we examined stability of the model residuals (see Appendix – B).  After adjusting for structural change, 
the residuals of various models were generally stable using the Augmented Dickey-Fuller (ADF) test as a guide.  That is, the unit root null 
hypothesis was generally rejected. This highlights the well-known ambiguity between nonstationarity and structural change (see Perron, 
1989) when using such low power tests on small data sets with an annual observation frequency. CES livestock models were those 
where the null hypothesis could not be rejected even after accounting for structural change. If one believes that nonstationarity can be 
identified with this data set then those models where the null hypothesis is rejected would be superconsistent in the Engle and Granger 
(1987) sense meaning that the distributions of parameter estimates converge more rapidly than they would if nonstationarity were not 
present (see Hamilton, 1994 for proofs).  Logic and the consistency of our results across the specifications suggest that the CES livestock 
result is spurious and related to the low power of the ADF test and our relatively small (in a time series context) sample. Thus, we do not 
endeavor to beat the data with unnecessary advanced econometric techniques that rely on nonstandard distributional assumptions.
30 In the cases of system estimation (CES and Translog Cost models), the reported R-squared values are squared correlations between 
the actual and predicted values because the individual equation R-squared values computed in the normal way are not bounded by 0 
and 1; therefore, the values lack useful interpretation.
PP 21 | 94
Ecos de Economía: A Latin American Journal of Applied Economics | Vol. 22 | No. 47 | 2018
Measurement and analysis of agricultural. Productivity in Colombia




(1) (2) (3) (4) (5) (6)
ß
0.070 -0,081 0.436*** 0,092 0.192* -0,031
(0.109) (0.144) (0.141) (0.176) (0.106) (0.117)
a
0.215* 0.752*** 0.473*** 0.722*** 0.637*** 0.927***
(0.117) (0.193) (0.144) (0.160) (0.163) (0.168)
γ
0.302*** 0.199*** 0,092 0.186***
(0.047) (0.040) (0.089) (0.044)
θ
0.413*** 0.130 0,171 0,104























6.316*** 0,484 -6,759 1,819 -9.726* -2,639
(1.243) (2.006) (5.819) (1.474) (5.502) (1.747)
Observations 39 39 38 39 38 39
Root-MSE 0,034 0,025 0,066 0,039 0,052 0,036
R-squared 0,984 0,992 0,897 0,969 0,977 0,991
Robust standard errors in parentheses
* p<0.10, ** p<0.05, *** p<0.01
Models assuming constant technical change are: (1), (3) and (5)
Models assuming technical change by structural change period (see Table 1) are: (2), (4) and (6)
ß is the coefficient of lnLt (Labor)
a is the coefficient of lnKt (Capital)
γ is the coefficient of lnFt (Fertilizer)
θ is the coefficient of lnSt (Animal Feed)
g is the rate of technical change
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Table 3. CES Production Function Estimates for Colombia’s Agriculture from 1975-2013
Variables
Aggregate Crops Livestock
(1) (2) (3) (4) (5) (6)
σ
1.259*** 0.942*** 1.718*** 0.792*** 3.906*** 2.253***
(0.080) (0.077) (0.319) (0.064) (0.729) (0.344)
η
2,834 0.882*** 1.126*** 0.847*** 3.860*** 2.128***



















Observations 38 38 38 38 36 36
R2 eq. Q 0,954 0,963 0,923 0,875 0,976 0,979
R2 eq. K 0,978 0,976 0,598 0,787 0,972 0,971
R2 eq. L 0,022 0,027 0,008 0,011 0,625 0,558
R2 eq. F 0,091 0,169 0,045 0,324
R2 eq. S 0,061 0,018 0,186 0,043
Robust standard errors in parentheses
* p<0.10, ** p<0.05, *** p<0.01
Models assuming Hicks-Neutral technical change are: (1), (3) and (5)
Models assuming bias technical change are: (2), (4) and (6)
σ is the overall elasticity of substitution between nests
η and ψ are the elasticities of substitution of inputs within each nest
γ is the overall rate of technical change
γi is the rate of technical change exhibited by a particular input
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Table 4. Trans-Log Cost Function Estimates for Colombia’s Agriculture from 1975-2013
Aggregate Crops Livestock
α0 23.880*** βKQ -0,049 α0 22.360*** βKQ 0.030 α0 23.640*** βKQ -0,111
(0.011) (0.063) (0.020) (0.038) (0.014) (0.086)
αK 0.798*** βLQ -0,029 αK 0.573*** βLQ 0,033 αK 0.854*** βLQ 0,067
(0.007) (0.032) (0.006) (0.066) (0.010) (0.055)
αL 0.128*** βFQ 0,012 αL 0.376*** βFQ -0,063 αL 0.069*** βFQ
(0.003) (0.014) (0.008) (0.059) (0.005)
αF 0.016*** βSQ 0.066* αF 0.051*** βSQ αF βSQ 0,045
(0.001) (0.034) (0.006) (0.038)
αS 0.059*** αQ -0.210 αS αQ -0,044 αS 0.078*** αQ 0,118
(0.004) (0.184) (0.225) (0.005) (0.148)
βKK 0.161*** αQQ -1,962 βKK 0.236*** αQQ 0,355 βKK 0.127*** αQQ 0,973
(0.007) (2.385) (0.004) 4.320 (0.010) (1.939)
βKL -0.102*** αt 0.011*** βKL -0.169*** αt 0.015*** βKL -0.059*** αt 0,002
(0.003) (0.004) (0.008) (0.004) (0.005) (0.004)
βKF -0.012*** αtt 0.000 βKF -0.066*** αtt 0.000 βKF αtt 0,002
(0.001) (0.001) (0.006) (0.001) (0.002)
βKS -0.047*** βKt 0.000 βKS βKt -0.005*** βKS -0.066*** βKt 0.004*
(0.003) (0.001) (0.001) (0.001) (0.002)
βLL 0.112*** βLt -0.000 βLL 0.174*** βLt 0.004*** βLL 0.064*** βLt -0.005***
(0.003) (0.000) (0.013) (0.001) (0.005) (0.001)
βLF -0.002*** βFt -0.000 βLF -0,004 βFt 0,001 βLF βFt
(0.000) (0.000) (0.008) (0.001)
βLS -0.008*** βSt 0.000 βLS βSt βLS -0.005*** βSt 0,001
(0.001) (0.000) (0.001) (0.001)
βFF 0.015*** βQt 0,024 βFF 0.071*** βQt -0,022 βFF βQt -0,033
(0.001) (0.054) (0.008) (0.070) (0.058)
βFS -0.001*** βFS βFS
(0.000)
βSS 0.055*** βSS βSS 0.072***
(0.004) (0.005)
Observations 38 Observations 38 Observations 38
R2 eq. TC 0,997 R2 eq. TC 0,992 R2 eq. TC 0,997
R2 eq. Cost Share - K 0,951 R2 eq. Cost Share - K 0,994 R2 eq. Cost Share - K 0,869
R2 eq. Cost Share - L 0,966 R2 eq. Cost Share - L 0,987 R2 eq. Cost Share - L 0,825
R2 eq. Cost Share - F 0,793 R2 eq. Cost Share - F 0,925 R2 eq. Cost Share - F
R2 eq. Cost Share - S 0.920 R2 eq. Cost Share - S R2 eq. Cost Share - S 0,923
Robust standard errors in parentheses
* p<0.10, ** p<0.05, *** p<0.01
αi are the cost shares at the point of approximation of the cost function
βij are the elasticities of cost shares with respect to input prices
βiQ are the elasticities of cost shares with respect to output
αt, αtt and βit are the elasticities of cost function and cost shares relatively with respect to technical change
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Table 5. Price Elasticities of Input Demands of the Trans-Log Cost
Aggregate Crops Livestock
(1) (2) (3) (4) (5) (6)
εKK
0,012 -0.041*** -0.029*** -0,021 0.033*** -0.026**
(0.010) (0.010) (0.008) (0.027) (0.014) (0.012)
εLL
-0.144*** -0.143*** -0.166*** -0.082** -0.090 -0,064
(0.051) (0.019) (0.031) (0.044) (0.117) (0.073)
εFF
-0.351*** -0.884*** -0,107 -0.727***
(0.068) (0.062) (0.095) (0.123)
εSS
-0.246*** -0.214*** -0.270*** -0.204***
(0.101) (0.050) (0.070) (0.047)
Standard errors in parentheses
* p<0.10, ** p<0.05, *** p<0.01
Without imposing curvature restriction: (1), (3) and (5)
Imposing curvature restriction: (2), (4) and (5)
6.1 Colombia’s Agricultural productivity
These results show that Colombia’s agricultural productivity grew on average 0.6-1.4% from 1975 
to 2013 (see Table 6). In particular, the CES and Translog Cost techniques predict that it grew on 
average around 1.3-1.4% per year, respectively, which is similar to the USDA’s prediction (1.4%). The 
Cobb-Douglas technique predicts that Colombia’s agricultural productivity only grew by 0.6% per year.
These predictions of Colombia’s agricultural productivity were estimated using aggregate data. 
Although all looked very similar, some key differences were identified. Accordingly, we estimated 
Colombia’s agricultural productivity using disaggregated data for crop and livestock productivity. This 
approach renders more consistent predictions for Colombia’s agricultural productivity and removes 
any difference across techniques generated by the use of aggregate data. Hence, we estimated 
Colombia’s agricultural productivity as a weighted average of the estimates of crop and livestock 
productivity, using the shares of crop and livestock production values as weights in total agricultural 
production value. 
This exercise shows that the initial estimates for Colombia’s agricultural productivity using 
aggregate data maybe slightly overestimated or underestimated. Using Cobb-Douglas techniques, 
the initial prediction was that productivity has grown by 0.6%; however, it grew by 0.8% per year 
when computed as the weighted sum of crop and livestock productivity. Likewise, using Translog 
Cost model, the prediction was that the productivity average growth was around 1.4% per year, but 
it grew by 0.9% per year when estimated as the weighted sum of crop and livestock estimates. Only 
the CES technique provided similar estimates regardless of approach. This exercise reaffirmed our 
initial estimates using aggregate data, showing that Colombia’s agricultural productivity exhibited 
very low growth from 1975-2013. Also, it suggests that productivity grew in a narrower range, 
between 0.8% and 1.3%, once a more nuanced crop and livestock productivity performance was 
considered. These weighted average estimates for Colombia’s agricultural productivity are used in 
the rest of our analysis.  
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Table 6. Average Agricultural Productivity Growth in Colombia from 1975-2013
Cobb-Douglas CES Translog Cost
Aggregate 0.6% 1.3% 1.4%
Weighted Average 0.8% 1.3% 0.9%
Crops 0.0% 0.8% 0.1%
Livestock 1.6% 2.2% 2.0%
These estimates show that livestock productivity was the driver of Colombia’s agricultural 
productivity from 1975 to 2013. All techniques predict that livestock productivity grew at an average 
rate between 1.6% and 2.2%, probably due to: i) more efficient production practices in the pork and 
poultry sectors; ii) higher investments in new herds and technology (mainly dual-purpose cattle) in the 
late 1990s; and iii) innovations for the feeding and management of livestock, genetic improvements 
and the purchase of highly productive species in the milk sector (Kalmanovitz and López, 2003; 
MADR, 2005; Mojica and Paredes, 2005). It is not inconsequential that the poultry and pork sectors 
of Colombia were dominated by completely vertically-integrated, large-scale producers. These entities 
have brought modern production systems, improved feeding strategies and advanced the breeding 
and veterinarian expertise of the animal sector.  
Colombia’s crop sectors, with the exception of sugar cane and rice, were dominated by small-scale 
production, a lack of access to improved technology and potential market power by multinational 
buyers. The latter is especially true for Colombia’s most famous crop, coffee, for which the benefits 
of advances in world demand have mostly accrued for multinational processors and retailers, and 
thus have not led to productivity gains in agricultural production. Also, investments made to replace 
rust-susceptible coffee trees with rust-resistant trees have required agricultural inputs such as labor 
and nursery stock, which will not yield significant or immediate productivity gains. These latter 
investments began to generate productivity enhancements in 2016-2017 (USDA, 2017).
Predictably, the estimates of crop productivity are unclear for this period. Assuming a Cobb-
Douglas production function and using the Translog Cost approach, the prediction is that Colombia’s 
crop productivity’s average growth was zero. However, when assuming a CES production function, 
crop productivity grew on average by 0.8% per year, which is still low. 
Historical evidence suggests that crop productivity would have been low during the period 1975-
2013. Colombian farmers experienced difficult conditions during this period due to: i) agricultural 
budget cuts during the 1980s Latin American debt crisis; ii) profitability crisis after Colombia executed 
the second wave of Structural Adjustment reforms in the early 1990s; iii) extreme weather conditions 
(i.e. severe droughts and severe floods); iv) misallocation of resources for agricultural promotion; v) 
decreased investment due to armed conflict; vi) lack of public resources for promoting Colombia’s 
agricultural competitiveness and vii) segmented and restricted funding of Colombian farmers (Cuevas 
et al., 2003; Jaramillo, 1998; Junguito, 1994; Junguito et al., 2014; Kalmanovitz and López, 2003; Reina 
et al., 2011). Also, this evidence suggests that only a few crops exhibited higher levels of productivity 
during this period (e.g., sugar cane, flower, banana, cereals and vegetables) (Arbeláez, 1993; Becerra, 
2009; COMPITE, 2008; Jaramillo, 1998; Montero and Casas, 2012; Ramirez and Garcia, 2006).  
In order to reaffirm these findings, we tested the consistency of these annual estimates of Colombia’s 
agricultural productivity growth across techniques. First, we conducted a graphical analysis of Colombia’s 
estimated agricultural productivity trends. This figure clearly shows that all techniques predict similar 
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patterns of Colombia’s agricultural productivity during the period 1975-2013 (see Figure 1). Furthermore, 
this analysis indicates that these estimates exhibit practically the same turning points; the only difference 
is the magnitude of certain periods of growth or depletion (see Figure 1).
Figure 1. Colombian Agricultural Productivity Growth Predicted by Technique.
Second, we calculated a correlation matrix using the annual predictions of Colombia’s agricultural 
productivity for each technique from 1975-2013. Overall, this correlation varied between 70% to 
95%. The highest correlation is between the agricultural productivity predicted by assuming a CES 
production function and the Translog Cost approach (+94%), whereas the lowest correlation is between 
the agricultural productivity predicted by assuming a Cobb-Douglas production function and the 
Translog Cost approach (73%) (see Table 7). These results reaffirm that there is a high consistency 
across all estimates and techniques used in this study. Also, all techniques broadly predicted similar 
results for Colombia’s agricultural productivity over time.
Table 7. Correlation Matrix of Agricultural Productivity Estimates by Technique
Cobb-Douglas CES
CES 0.818
Translog Cost 0.734 0.943
6.2 Components of Colombia’s Agricultural Growth
Given the high consistency of these estimates for Colombia’s agricultural productivity, our subsequent 
analysis focused on examining the possible drivers of Colombia’s agricultural growth during the period 
1979-2013: agricultural productivity growth or input accumulation growth. To this end, we considered 
the six periods previously defined, during which: i) Colombia’s agriculture exhibited similar economic 
conditions and ii) agricultural policy regimes did not drastically change (see Table 1).
Using the predictions of Colombia’s agricultural productivity by technique, we found that Colombia’s 
agricultural production growth exceeded 2% per year whenever agricultural productivity growth 
increased (e.g. in the late 1980s and in recent years; see Figures 2, 3 and 4). These estimates suggest 
that Colombia’s agriculture only grew by 1.8% per year from 1979 to 1983 due to an agricultural 
productivity growth close to 0%, largely explained by the negative impact of the Latin American Debt 
crisis on Colombian agriculture (Kalmanovitz & López, 2003). From 1984-1989, the agricultural output 
value increased its average growth to 3.5% per year, the effect of higher agricultural productivity, 
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focused on promoting private investment, adjusting the price system, raising farmer’s margins, limiting 
agricultural imports, etc.; ii) higher commodity prices; and iii) productivity innovations carried out by 
farmers to overcome the early 1980s crisis (Guterman, 2007; IMF, 2015; Kalmanovitz & López, 2003; 
Reina et al., 2011). During the period 1990-1997, Colombia’s agriculture exhibited a slowdown and grew 
on average by 2.1% per year. Annual productivity grew on average only by 0.7-1.4%, seemingly due to 
the severe profitability crisis exhibited by Colombia’s agriculture during this period. From 1998-2002, 
Colombia’s agricultural output slightly reduced its growth to 1.9% per year because: i) agricultural 
productivity stagnated to 0.9-1.6% growth per year; and ii) farmers diminished their input accumulation, 
probably due to the macroeconomic crisis and worsening armed conflict during this period. Over 
2003 to 2009, Colombia’s agriculture continued stagnating, growing at the pace of the 1990s due to 
a slower agricultural productivity growth (-0.4-1%) caused by: i) lack of political agreement on how 
resources should be allocated to support agriculture; ii) poor transportation infrastructure; and iii) 
lack of innovation and technological development to improve agricultural productivity (Reina et al., 
2011). Finally, we found that Colombia’s agriculture raised its average growth to 2.4% per year from 
2010-2013, due to an increased agricultural productivity growth of 0.9-1.4% per year. In other words, 
Colombia’s agricultural growth has been less sensitive to input accumulation and more sensitive to 
productivity trends, policy regimes and economic circumstances.
Figure 2. Agricultural Growth Components – Assuming a Cobb-Douglas Production 
Function.
Figure 3. Agricultural Growth Components – Assuming a CES Production Function.
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Figure 4. Agricultural Growth Components – Using Translog Cost Techniques. 
6.3 Biased Technical Change
All estimates show that Colombia’s agriculture exhibited biased technical change during the period 
1975-2013 (see Table 10). The CES results show that technical change was capital augmenting using 
data for the entirety of Colombia’s agriculture. The technical change exhibited by capital grew on 
average by 4.1% per year over this period, whereas the technical change exhibited by other inputs was 
not statistically significant (see Table 3). We also found that the technical change in crop production 
was capital augmenting. The difference across the technical change coefficients estimated for 
each input was tested because some were statistically significant. There is a statistically significant 
difference between the technical change exhibited by capital and labor as well as the technical change 
coefficients exhibited by fertilizer and labor (see Table 8). However, there is no statistical difference 
between the technical change coefficients found for capital and fertilizer. Likewise, we found that 
livestock production was animal feed augmenting. We also tested these differences across coefficients, 
and there is a statistically significant difference between the technical change exhibited by animal 
feed relative to the technical change exhibited by capital and labor (see Table 9). Also, we found that 
there is no statistically significant difference between the technical changes exhibited by capital and 
labor in livestock production. 
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Table 9. Test of Differences among Technical Change Estimates Exhibited by Inputs in 
Livestock Production







(0.004) (0.034)  
P - values in parentheses
*This is a symmetric matrix. 
*** p<0.01, ** p<0.05, * p<0.1
Translog Cost estimates reaffirm these results for crops, showing that crop production was capital 
saving. However, the cost model results suggest that livestock production was labor saving.31 The 
statistical difference across these technical change indices was not tested, because multicollinearity 
is a latent problem when a Trans-Log cost function is assumed (Christensen and Greene, 1976). Thus, 
the standard errors for all parameters may be larger and this test would yield untrustworthy results. 
Consequently, this analysis only involved a comparison of the magnitudes across these indices.    
In any case, the CES and Translog Cost results indicate that changes in the input efficiency of 
Colombia’s agriculture varied across agricultural activities during 1975-2013. Also, technical change 
tended to improve the marginal productivity of capital in crop production, and marginal productivity 
of animal feed and labor in livestock production more so than the marginal productivity exhibited 
by other inputs.
Table 10. Biased Technical Change by Agricultural Activity in Colombia
Crops Livestock Aggregate Assumed Production Function Behind
CES Capital Augmenting Animal FeedAugmenting Capital Augmenting
Translog Cost
Capital Saving Labor Saving Labor SavingFertilizer Saving Homothetic
Capital Saving Labor Saving Capital SavingLabor Saving Non-Homothetic
31 This result is consistent with the general trend toward vertically coordinated non-ruminant and poultry production systems in 
Colombia. Not only was more capital invested, but it is likely that the capital was of higher quality.  Likewise, highly vertically coordinated 
organizations likely employed more highly-skilled or trained workers (such as trained herdsmen and veterinarians) which would lead to 
labor savings per unit of output ceteris paribus.
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7. Conclusions
This paper measured Colombia’s agricultural productivity from 1975-2013. Using three different 
econometric specifications, it found evidence that it grew on average between 0.8% and 1.3% per 
year. All methods used in this study—Cobb-Douglas production function, CES production function 
and Translog Cost function—estimate that Colombia’s agricultural productivity was mainly driven by 
livestock productivity, which grew on average between 1.6% and 2.2% per year. It is likely this growth 
was driven by improved technologies and the input quality enhancements of larger vertically-integrated 
poultry and non-ruminant producers. In contrast, crop productivity expansion is unclear over this 
period. By assuming a Cobb-Douglas production function and using the Translog Cost approach, it 
is predicted that crop productivity growth was zero; by assuming a CES production function, it is 
predicted that crop productivity grew on average by 0.8% per year.
This paper also finds evidence that agricultural productivity was a crucial factor of agricultural 
production value growth in Colombia in recent decades, especially during periods of sustained 
growth. Agricultural production growth accelerated to more than 2% per year when agricultural 
productivity growth increased (e.g. in the late 1980s and in recent years). Moreover, all results suggest 
that the pace of agricultural productivity was strongly dependent on policy regimes and economic 
circumstances. Recent peace initiatives should enable improved political and economic circumstances 
conducive to more rapid economic growth. That being said, better livelihoods for those returning to 
rural activities require supportive polices that foster long-term productivity rather than the short-
term infusion of inputs. Thus, Colombia’s agricultural policy must prioritize productivity, a crucial 
determinant of agricultural growth. Policies that focus on access to improved practices, credit, and 
efforts to enhance human capital development (i.e. education and healthcare) should be high on the 
government’s list for rural development.
Finally, this study finds evidence that Colombia’s agriculture exhibited biased technical change 
during the period 1975-2013. The results indicate that technical change tended to improve the 
marginal productivity of capital in crop production and the marginal productivity of animal feed 
and labor in livestock production relative to other input categories. Scale effects also mattered to 
productivity growth when the Translog cost function method that permits the identification of such 
effects was employed. While the more advanced techniques did not exhibit significantly different 
overall productivity estimates over time, they did enable the examination of these more nuanced 
aspects of productivity growth.
Future studies might conduct similar analyses on that sectoral level. Colombia is a country that 
produces a wide variety of agricultural products, and each agricultural sector uses different production 
structures and key input ratios. Hence, measuring and analyzing productivity on the sector level is key 
to understanding which microeconomic forces drive the results of this paper. Furthermore, future 
studies have the potential to improve Colombia’s agricultural policy by identifying its most influential 
sectors. In order to conduct such studies with sufficient accuracy, data collection investments are 
necessary.
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Appendix - A: Main events about Colombia’s Agriculture during 1975-2013 
PERIOD MAIN EVENTS
1975-1983
• Last term of Colombia’s agriculture golden age (1950-1980) (Kalmanovitz & López, 2003).
• Colombia’s agriculture grew on average by 1.8% real per year (World Bank, 2016).
• Public finances improved sharply, because government steadily taxed agricultural exports (mainly coffee), which 
represented 55% of the total, to get funding (J. Cardenas, 1993; GRECO, 2002; Kalmanovitz & López, 2003).
• Colombia exhibited a coffee boom due to severe frosts in Brazilian coffee regions (Garay et al., 1998)
• Coffee prices increased from an average of US$0.60/lb. in 1970-1974 to US$1.50/lb. in 1975-1983 (FEDECAFE, 
2016).
• The real exchange rate, Colombian Peso to US American Dollar, remained stable (BANREP, 2015; World Bank, 
2016). 
• Agricultural policy focused on promoting more efficient land use to increase agricultural productivity 
(Kalmanovitz & López, 2003).
• Agricultural policy attempted to improve agricultural productivity by: i) providing technical assistance to farmers; 
ii) improving education; and iii) promoting research (Kalmanovitz & López, 2003).
1983-1989
• Colombia’s economy plunged into a crisis, due to the Latin America Debt crisis (Kalmanovitz & López, 2003).
• Colombia’s agriculture grew on average by 3.5% real per year (World Bank, 2016).
• Colombian Peso depreciated in real terms relative to US dollar on average by 10% per year (BANREP, 2015; 
World Bank, 2016).
• Colombia’s Government cut initially its budget for agriculture to restore fiscal balance, due to the Debt crisis 
(Kalmanovitz & López, 2003).
• Commodity prices fell by 30% in real terms, due to the Debt crisis (Dornbusch, 1989).
• Agricultural policy focused on promoting private investment, adjusting the price system, raising farmer’s 
margins, and limiting agricultural imports (Guterman, 2007).
• Agricultural policy also promoted coordination among agricultural institutions to ensure the availability of seeds, 
inputs, loans, technical assistance and marketing (Kalmanovitz & López, 2003)
PERIOD MAIN EVENTS
1990-1997
• Colombia’s government accelerated the execution of the second wave of reforms associated with its Structural 
Adjustment (SA) program (Ocampo, 2000). 
• Colombia’s agriculture fell into a profitability crisis, due to the accelerated and abrupt implementation of these 
SA reforms (C. F. Jaramillo, 1998; Junguito, 1994; Kalmanovitz & López, 2003; Ocampo, 2000).  
• Colombia’s agriculture grew on average by 2.1% real per year (World Bank, 2016).
• Colombia’s agriculture experienced a severe drought in 1992 and 1997 (C. F. Jaramillo, 1998). 
• Colombian Peso appreciated in real terms relative to US dollar on average by 4% per year (BANREP, 2015; 
World Bank, 2016).
• Colombia’s agriculture main lender, “La Caja Agraria”, fell into a crisis (Villalba, 2002). 
• Agricultural policy focused on restoring the dynamism of the agricultural sector, by reversal of many of the SA 
reforms through the “Plan de Reactivation del Sector Agropecuario” (Junguito, 1994) 
• An unstable agricultural policy, the drug traffic and a worsening armed conflict encouraged very little the 
creation of attractive environments for productivity and private investment (Kym Anderson & Valenzuela, 2011; 
Reina et al., 2011). 
1998-2002
• Colombia plunged into a macroeconomic crisis, due to a real-estate bubble (Uribe, 2008).
• An intensification of armed conflict prompted many people to leave rural areas, and it also discouraged even 
more private investment (Alban, 2011; DNP, 2002; FAO, 2000; Montero & Casas, 2012). 
• Colombia’s agriculture grew on average by 1.9% real per year (World Bank, 2016).
• Agricultural development did not receive much attention from the government, because it gave priority to 
address the macroeconomic crisis and solve the country’s worsening armed conflict (Kalmanovitz & López, 
2003).  
• Colombian Peso depreciated in real terms relative to US dollar on average by 8% per year (BANREP, 2015; 
World Bank, 2016). 
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PERIOD MAIN EVENTS
2003-2009
• Uribe Administration (2002-2010) executed a security policy which restored confidence in investing in Colombia 
(DNP, 2002, 2006; Kalmanovitz & López, 2003; Montero & Casas, 2012). 
• Colombia’s agriculture grew on average by 1.8% real per year (World Bank, 2016).
• Colombia’s Government multiplied 4 times the resources for promoting agriculture, but they exhibited a serious 
misallocation (Reina et al., 2011).
• Agricultural commodity prices worldwide exhibited a boom during 2006-2011 (IMF, 2015).
• Violence was still a problem in rural areas.
• Annual crop farmers started to use better seeds to increase yield per hectare (COMPITE, 2008).
• Colombia’s agriculture exhibited a lack of innovation and technological development (Reina et al., 2011).
• Colombian Peso appreciated in real terms relative to US dollar on average by 5% per year (BANREP, 2015; 
World Bank, 2016).
2010-2013
• Colombia’s agriculture exhibited a new profitability crisis, due to falling agricultural commodity prices worldwide 
(Clavijo, Vera, & Jimenez, 2014).
• Agricultural commodity prices worldwide decrease by almost 5% in 2012 (IMF, 2015)
• Fertilizer prices remained high (FAO, 2015)
• Colombia’s agriculture was seriously affected by climate change effects (Niño/ Niña)  (Clavijo, Vera, & Jimenez, 
2014).
• Colombian Peso appreciated in real terms relative to US dollar on average by 4% per year (BANREP, 2015; 
World Bank, 2016).
Appendix - B: Stability of the model residuals 
ADF test results
(1) (2) (3) (4) (5)
Aggregate -3.363** -3.727*** -2.019 -2.355 -2.905*
Crops -2.276 -4.660*** -3.013** -1.794 -3.657**
Livestock -1.825 -4.433*** -1.545 -1.653 -2.752*
*** p<0.01, ** p<0.05, * p<0.1
(1) Cobb Douglas assuming constant technical change
(2) Cobb Douglas considering different technical change per Structural Change Periods
(3) CES assuming constant technical change
(4) CES assuming bias technical change
(5) TransLog assuming technical change
